Abstract. The major challenge in printable electronics fabrication is to effectively and accurately control a drop-on-demand (DoD) inkjet printhead for high printing quality. In this paper, a prediction model based on Lumped Element Modeling (LEM) is proposed to search the parameters of driving waveform for obtaining the desired droplet properties. Although the evolution algorithms are helpful to solve this problem, the classical evolution algorithms may get trapped into local optimal due to the inefficiency of local search. To overcome it, we present an improved artificial bee colony algorithm based on K-means clustering (KCABC), which enhances the population diversity by dynamically clustering and increases the convergence rates by the modification of information communication in the employed bees' phase. Combined with KCABC, the prediction model is applied to optimize the droplet volume and velocity of nanosilver ink for high printing quality. Experimental results demonstrate the proposed prediction model with KCABC plays a good performance in terms of efficiency and accuracy of searching the appropriate combination of waveform parameters for printable electronics fabrication.
Introduction
In recent years, Drop-on-Demand (DoD) inkjet printing has received considerable attention in mechanical engineering, life sciences, and electronics industry [1] . This revolutionary technology can offer a high-resolution, high-speed, solution-thrift and high-compatibility way of depositing picoliter droplets with diverse physical and chemical properties on various printing surfaces without contact. Nowadays the developments of DoD printing are moving towards higher productivity and quality, requiring adjustable small droplet sizes fired at high jetting frequencies. Generally, the print quality delivered by an inkjet printhead depends on the properties of the jetted droplet, i.e., the droplet velocity, the jetting direction, and the droplet volume. However, in order to meet the challenging requirements of printable electronics fabrication, the conductive ink droplet properties have to be tightly controlled for higher inkjet performance [2] . To implement this issue, the theory field and engineering application field follow two different paths for high printing quality. For theory researchers, the analytical or numerical techniques are utilized to model the DoD piezoelectric inkjet printhead. Numerical modeling of droplet formation process has been focus on the liquid filament evolution [3] . However, numerical models are rather complex and therefore computationally expensive. In the last decade, analytical modeling approach is gradually employed to describe the ink channel dynamics, although their accuracy is lower than numerical models [4] . Based on several assumptions and simplifications, analytical models provide a simple and timesaving way to model-based control droplet generator with a sufficient accuracy. In this category, the lumped element modeling (LEM) approach introduces an equivalent electric circuit to describe the dynamics of the ink channel [5] . The LEM results explain the driving force difference between different operating conditions. Unlike the theory researchers' enthusiasm towards the inkjet mechanism, practice engineering applications need to find an effective means to solve the problem of residual vibrations. A common method is to search an appropriate combination of the parameters of driving waveform for the used ink with specific physical properties. Generally, these combinations of the parameters are obtained by exhaustive experiments and a wise guess. However, the search process is extremely unbearable.
In order to efficiently and accurately search the appropriate waveform parameters with the model-based approach, this work constructs a prediction model combining the lumped element modeling method with the swarm-intelligence optimization technique. In order to overcome the drawbacks of the classical evolution algorithms such as trapping into local optimal, we present an improved artificial bee colony based on K-means clustering (KCABC), which adopts dynamically clustering technology to avoid prematurity and modifies the information communication in the employed bees' phase to enhance the local search ability. Then, this work applies KCABC for automatically searching the appropriate waveform parameters. The experimental results reveal that the proposed prediction model combining the DLEM with the KCABC algorithm can efficiently and accurately predict the optimal combinations of highfrequency driving waveform parameters for high printing quality.
The rest of this paper is organized as follows. An introduction of the prediction system for droplet property based on lumped element modeling and swarm intelligent algorithm is given in Section 2. The proposed KCABC algorithm is detailed in Section 3. Some prediction results are demonstrated in Section 4. Finally, concluding remarks are collected in Section 5.
2
Droplet Property Optimization Problem
Original Lumped Element Model
A classical LEM is given to simulate droplet formation process of PZT printhead by Gallas, as shown in Fig. 1 . The equivalent circuit model is constructed by the energy storage elements and ideal dissipative terminal. In an electro-acoustic system, pressure and voltage are independent variables, while current and volumetric flow rate are dependent variables. Model structure shows that the energy converts from electrical energy to mechanical energy, then to fluidic/acoustic energy and finally to kinetic energy. The droplet generator structure can be characterized by equivalent acoustic mass (representing stored kinetic energy) and acoustic compliance (representing stored potential energy), as represented in Fig. 1 (a) and (b) . Furthermore, the piezoceramic model is constructed based on the electro-fluidic/acoustic theory [6] . The neck model is built on the velocity profile function [7] . The nozzle model is constructed according to the end correction for an open tube theory [8] . In Fig. 1 , excitation voltage V ac is applied to piezoelectric ceramic to create mechanical deformation. Coupling coefficient N represents a conversion from mechanical domain to acoustic domain. C eb is the blocked electrical capacitance of the piezoelectric material. In the acoustic domain, C aD and C aC represent the acoustic compliance of piezo-ceramic and channel. R aD , R aN , and R aO are the acoustic resistance due to structural damping, neck tapering, and fluid flowing out of nozzle, respectively. M aD , M aN , and M aRad represent the acoustic mass of piezo-ceramic, neck and nozzle in proper order, respectively. The calculation formulas of LEM model parameters are provided in Table. 1. 
Driving Waveform
As the excitation and the control subject of the system, the driving waveform including a pair of negative and positive trapezoid waveforms can effectively restrain residual vibrations for high-frequency printing, as shown in Fig. 2 . When the rising edge of the positive trapezoid waveform is applied to droplet generator, negative pressure waves are generated and then propagate inside the channel. The waveform design issue is focused on determining the optimal value for dwell time. The theoretical optimal value is calculated as T dwell = L / C (where L is the length of channel and C is the sonic speed of the used ink) and the negative pressure can amplify to maximum. To damp the residual oscillations after jetting a droplet, an additional negative trapezoid waveform is applied after the positive one. The falling edge of the second negative waveform generates larger pressure in channel to accelerate the speed of droplet than conventional single trapezoidal waveform. The rising edge, which sets the voltage back to 0, works to restrain the meniscus vibration [9] .
Prediction Model with LEM and Intelligent Optimization Algorithm
For industry applications in printable electronics fabrication, the printhead must work at a certain status to meet many restrictive conditions. Choosing the appropriate combinations of the driving waveform parameters for the used conductive inks becomes the key problem. However, an exhausting manual search process depending on a wise guess inevitably wastes a lot of time because many adjustable parameters exist in the driving waveform. Therefore, the computer-aided methods are urgent needed for searching these appropriate combinations efficiently and robustly.
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Fig. 2. Applied driving waveform of printhead
Here, we combine the proposed lumped element model with the swarm-intelligent optimization technology to search the appropriate combinations of the driving waveform parameters. A schematic diagram of the approach is illustrated in Fig. 3 .
The driving waveform is parameterized in a vector with several dimensions, which is regarded as the input of lumped element model. LEM can predict the information of the droplet status, such as droplet volume and velocity. Through optimizing procedure with intelligent optimization algorithm, the optimal pulse parameters are obtained by minimizing the error between the desired droplet volume/velocity and simulated droplet volume/velocity. In such optimization process, the restraint relationships among the parameters of the driving waveform and the fitness function for evaluating droplet status must be established. 
Artificial Bee Colony Algorithm Based on K-means Clustering
This section presents the detailed description of the proposed artificial bee colony algorithm based on K-means clustering (KCABC). The proposed algorithm makes improvements on two aspects: 1) modifying the method of information communication in employed bees' phase; 2) partitioning the population using k-means clustering.
The number of the clusters will be chosen from the predefined set G. After each specific iterations, when the defined criteria reaches, parts of individuals in clusters will be removed and an equal number of new individuals are re-generated randomly. Then the number of clusters will change into a new value of the set G and the population will be re-clustered basing on k-means clustering.
Modified Employed Bees' Phase of ABC
To increase the exploitation of ABC algorithm and fasten the convergence rate, the employed bees' phase is modified. The new food source (candidate solution) generates using the following way:
where x best , j is the position of the global best solution, and the term x best,j can drive the new candidate solution towards the global best solution, iter is the current iteration, itermax is the maximum iteration. The parameter Cr in Eq. (2) plays an important role in balancing the exploration and exploitation of the candidate solution search. If Cr = 0, Eq. (2) is identical to position update equation of the canonical artificial bee colony algorithm. With the increase of Cr, the probability of the candidate solution learning to the best solution increases correspondingly. In this way, in the beginning of optimization process, the proposed algorithm operates as the canonical ABC algorithm, which can well keep the population diversity; in the end of optimization process, the modified ABC algorithm has a considerable improvement on both convergence rate and local search.
Cluster Setting
The K-means clustering method is employed to partition the population into subpopulations. The basic concepts of K-means clustering are presented firstly, and then we will give a detailed description of its application in our proposed algorithm. 
Basic Parameters of K-means
The radius (R) of a cluster is defined as the mean distance (Euclidean) of the members from the center of the cluster. Thus, R can be written as Eq. (4):
3.2.2
Clusters in the Proposed Algorithm KCABC In the proposed algorithm, the stochastically generated population is partitioned into n subpopulations based on the widely adopted k-means cluster method [11] . The number of clusters is determined by the predefined set G = {g 1 , g 2 , . . . , g m }, where g 1 > g 2 > . . . > g m . Every cluster operates as the modified ABC introduced in the above section. During optimization, it may happen that two or more clusters come close to each other or get overlapped to a high degree. Then, they will practically search the same domain of the functional landscape. To avoid this scenario, the distances between each two clusters are calculated as following equation:
where Dis cluster is the distance between one cluster and its neighbor, Nei_cluster i center is the center of the ith cluster's neighbor. cluster i center is the center of the ith cluster. If the distance between one cluster and its neighbors is smaller than the specific distance DIS m , one of the clusters will be removed and its non-domination solutions are store. 
where R i is the radius of cluster i and R i_neighor is the radius of the neighbors of cluster i . During optimization, information communication is a not inconsiderable aspect. For keeping the good ability of exploration, in the proposed algorithm, there is no information communication among g i clusters in specific iterations. Therefore, in order to exchange information among individuals, the whole population is re-partitioned into g i+1 clusters based on k-means clustering after each TI iterations, where g i and g i+1 are orderly chosen from the predefined set G = {g 1 , g 2 , . . . , g m }.
That is, the individuals in a cluster may be distributed into different new clusters when the number of the clusters is changing. 
General Prediction Procedure
The general procedure of droplet volume/velocity prediction based on LEM is as follows:
• Step 1: According to droplet generator parameters and properties of fluid, calculating most of the parameters in LEM.
• Step 2: According to experimental measurements of droplet volume driven by standard waveform, determining the rest of the adjustment coefficients and damping coefficient. 
Predication Based on Intelligence Optimization Algorithm
For applications, the equispaced-sampling method of adjusting less than two parameters does not always meet the restrictive conditions. Furthermore, many adjustable parameters exist in high-frequency driving waveform. The exhausting search process for high dimensions with above method is unaccepted. Here, we utilize the proposed KCABC algorithm to accelerate the search process, as introduced in Section 2.3.
Fig. 4. A sequence of pictures of droplet falling from nozzle
In this experiment, the rising or falling time of the trapezoidal pulse is fixed as 0.3us. There are five adjustable parameters in high-frequency driving waveform, including dwell time T w1 , T w2 , voltage magnitude V 1 , V 2 and gap time T g . Thus, the high-frequency driving waveform is defined as a vector with five dimensions
Here, the restraint relationships between these parameters are given as follows: For the equation (7), the sum time of waveform must be less than the working period and also must leave enough time (20us) for system response. Equations (8) and (9) are set up according to project experience. Equations (8) and (9) avoid that so many satellite droplets emerge after jetting the main droplet. Equation (10) . From the droplet dynamics shown in Fig. 4 , the optimized results are satisfactory. Additionally, as a comparison, the genetic algorithm (GA) is chosen to search the appropriate combination of the parameters in the high-frequency driving waveform. The GA algorithm is a mature method for solving search problem; interested readers may consult References [12] for more information.
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For optimization based on GA, the restraint condition, fitness function and the weighting are used as the same as KCABC algorithm. . The dynamic effect of droplet formation driven by the proposed pulse parameters are shown in Fig. 5 . Compared with Fig. 4 , the optimization accuracy obtained by GA is lower than the results by KCABC. Moreover, there are obvious satellite droplets after the main droplet.
Conclusion
In this work, the lumped element modeling is employed to predict the droplet volume/velocity. Through combining with an improved artificial bee colony algorithm based on K-means Clustering, an optimal prediction model is constructed for searching the appropriate waveform parameters. Unlike the exhausting manual search process, the proposed prediction model can effectively accelerate the search process for high dimensions with sufficient accuracy.
